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Abstract In order to explore how subjects correct for
errors in movement and adapt their motor programs, we
studied rapid hand movements. Subjects grasped a
grooved knob and made brisk turning movements to
various targets, similar to tuning a radio dial. A motor
attached to the knob shaft was configured to apply a
destabilizing negative viscous perturbation. Following a
period of practice with no perturbations, the negative
viscosity was engaged, which caused a large change in
overall kinematics: the peak velocity increased, the
movement amplitude was too large, and discrete correc-
tive submovements were generated to bring the pointer
back onto the target. After about an hour and nearly 1000
trials, subjects learned to move accurately in the new
dynamic environment, returning their overall kinematics
near to previous levels. Measures of performance includ-
ed the endpoint error of the primary movement (the initial
movement segment), the frequency and amplitude of
corrective submovements, task success rate, mean
squared jerk, and deviation from a “normal” angular
velocity temporal profile. Both the amplitude and fre-
quency of corrective submovements decreased progres-
sively during adaptation as the subjects made fewer target
overshoot errors. These results are consistent with motor
learning schemes in which adaptation of the motor
controller is driven by an attempt to reduce the endpoint
error of the primary movement. While there have been
many theories regarding what is being optimized in motor
control, in general, biologically plausible mechanisms for

implementing these schemes have not been described. A
biologically plausible optimization criterion is the mini-
mization of the occurrence and amplitude of corrective
submovements, since the latter have been proposed as
realistic climbing fiber training signals for adaptive
changes in the cerebellum. We postulate that the other
criteria that have been proposed are instead secondary to
an increased accuracy of the primary movement and a
corresponding decrease in the occurrence and amplitude
of corrective submovements.

Keywords Motor adaptation · Kinematics · Motor errors ·
Submovements

Introduction

When subjects make voluntary movements, accuracy is
limited by a speed-dependent noise in the central nervous
system (Woodworth 1899; Fitts 1954; Schmidt et al.
1979). As a result, movements are constrained by what is
often referred to as the speed-accuracy tradeoff or Fitts’
law: if subjects make rapid movements, noise increases
and movements become more variable (Fitts 1954;
Wright and Meyer 1983; Harris and Wolpert 1998).
These features describe endpoints of motor learning. The
central nervous system deals with noise and variability of
rapid movements by monitoring efference copy and
sensory afference and adjusting movements when errors
occur or are predicted to occur as a result of natural
variability (Gordon and Ghez 1987; Meyer et al. 1988;
Messier and Kalaska 1999; Desmurget and Grafton 2000).
Adjustments to movement may be continuous; for
instance the may occur by changing the duration of a
single agonist muscle movement command or by con-
trolling when and how strongly the antagonist muscle is
activated. Alternatively, adjustments may be discrete
through the production of corrective submovements.

The nature of these adjustments and/or corrections has
recently been clarified for rapid hand movements (Novak
et al. 2000, 2002). Rapid knob-turning movements
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comprised an initial, primary movement that is sometimes
followed by corrective submovements added when the
primary movement is too large or too small. Submove-
ments may be made concurrently with the primary
movement (an overlapping submovement), or afterwards
(a delayed submovement). When the primary movement
is destined to be accurate it is not accompanied by an
overlapping submovement. Accurate primary movements
have stereotypic kinematic features that have been
commonly observed in other tasks (Hogan 1984; Atkeson
and Hollerbach 1985): the movement is smooth, and the
velocity profile has a symmetric, bell shape. Rapid hand
movements may be particularly well-suited for exploring
the normal relationships between motor learning and
adaptation to novel external perturbations.

Motor adaptation is the ability to accommodate to
perturbations that initially prevent one from achieving the
desired result. If the disruption is predictable, the motor
system gradually learns to compensate for it. Past studies
have, for example, considered arm movements perturbed
with Coriolis forces (Lackner and Dizio 1994) or with
forces generated by a robotic arm manipulandum (Shad-
mehr and Mussa-Ivaldi 1994; Conditt et al. 1997;
Thoroughman and Shadmehr 1999). The subjects’ nor-
mally smooth, accurate, and efficient movements become
irregular and inaccurate when the perturbations are first
applied. With practice moving in the presence of these
repeated external perturbations, subjects adapt, and the
kinematic trajectories of their movements return near to
normal.

We adopted the same experimental paradigm, using
the kinematic properties of normal hand movements as a
basis for exploring the process of motor adaptation. The
results appear to provide a basis for understanding the
brain’s mechanisms that underlie the adaptive process.
This work has been previously presented elsewhere in
preliminary form (Novak et al. 1996a, 1996b).

Methods

Subjects and task

Six subjects participated in this study with their informed consent,
under the guidelines of the university’s protocol for human
research. The same subjects and a similar task were used in
previous experiments (Novak et al. 2000, 2002). To summarize,
subjects turned a knob with their hand and fingers to align the
knob’s pointer to one of several light-emitting diode (LED) targets,
forming a semicircle above the pointer. Movements of either 30� or
60� were required, with one of three targets chosen in a
pseudorandom pattern. The timing and accuracy constraints were
strict. After the target LED was relit, subjects had only 400 ms to
align the pointer within an 8�-wide window. Visual feedback was
removed during the trial by carrying out the experiments in a
darkened room and extinguishing the pointer LED as soon as the
movement started. After each trial, the pointer LED was relit and, if
successful, an audible tone sounded.

Experimental protocol

Subjects participated in three experimental sessions. During the
first session, they practiced the task for 1000 trials, without
perturbations. A day later, subjects practiced the task initially for
one block of 240 trials. During a second block, a torque motor
(model U12M4; Kollmorgen PMI, Radford, VA, USA) unexpect-
edly introduced perturbations on 15% of the trials, called
“perturbed catch trials.” The torque motor was programmed by a
computer to simulate a negative viscosity: the torque applied by the
motor was inversely proportional to the angular velocity of the
movement, with a value of –0.033 N cm per degree per second.
While positive viscosity acts to decrease the speed of movement,
negative viscosity acts to increase it, making the motion unstable.
In order to reduce the instability, the damping of the system was
increased by simultaneously applying a small inertial load. Prior to
making a movement on the perturbed catch trials, the subjects had
no way of determining whether the perturbation would be present,
since the motor was off when velocity was zero. The remaining
85% of the trials during the second block were unperturbed.

Over the next four blocks of trials, the negative viscosity was
applied 85% of the time, a proportion sufficient for the subjects to
expect that condition. In the remaining 15% of the trials, the
perturbations were removed unexpectedly, called “unperturbed
catch trials.” Subjects were allowed about 30 min and 1000 trials to
adapt their movements to the negative viscosity. In order to see how
subjects “de-adapted” after learning, a final block was often
completed in which subjects again experienced no perturbations.

The third and final session of the experiment was completed
from 1 to 10 days after the original adaptation period in order to test
how well the subjects had retained what they had learned. On the
first two blocks of trials, the negative viscosity was present on
every trial, and each subject’s performance was measured and
compared with his/her final performance on the same perturbations
of the prior session.

Trials were grouped together by movement amplitude and four
experimental conditions:

N Blocks of trials with no perturbation
N/C Unperturbed blocks with occasional perturbed catch trials
Pn n Blocks of perturbed trials with occasional unperturbed catch

trials
P Blocks of consistently perturbed trials

Data analysis

After being sampled by the computer at 200 samples/s, the knob
pointer’s angular position and velocity data were filtered digitally
with a 3-point sliding boxcar filter, and derivatives of velocity
including acceleration, jerk, and snap, were calculated through
numerical differentiation. The primary movement peak velocity
was detected by finding the first acceleration zero-crossing after
movement onset, the latter being defined as the time of an increase
in velocity above 10% of peak. The end of the entire movement was
detected either as the time velocity decreased below a 10% of peak
velocity threshold (if no submovements were detected), or the time
when velocity crossed below a threshold of €10�/s and stayed there
for at least 30 ms (for all trials). Movement irregularities thought to
be due to corrective submovements were detected as appreciable
inflections in the acceleration during the second half of the
movement, i.e., from the time of primary movement peak velocity
until the end of the movement. These acceleration inflections were
found by counting the zero-crossings of the first and second
derivatives of acceleration, namely jerk, and snap, respectively.
Regular movements without overlapping submovements contained
only a single jerk and snap zero-crossing during the second half of
the movement, while irregular trials with submovements had more
than one jerk or snap zero-crossing. Once detected, these overlap-
ping submovements were parsed from the primary movement by
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subtracting an estimate of the primary movement from the overall
movement (Novak et al. 2002).

The method of detecting the presence of overlapping submove-
ments is the same as reported in previous studies (Novak et al.
2000, 2002), which involved trials without added torque. With the
negative viscous load, the damping decreased, creating a propensity
for the apparatus to oscillate about the endpoint. To investigate
whether the method for submovement detection is valid in the
presence of potential dynamic oscillations, we simulated a third-
order, linear system, with various levels of damping, as we had
done previously (see Fig. 2F in Novak et al. 2000). The simulated
step responses produced movements of 30� amplitude, with a
movement time of 160 ms and a peak velocity of around 300�/s,
similar to the real movements. The algorithm began to identify
submovements in the underdamped oscillations when the system
damping coefficient fell below 0.6. However, the real movements
did not oscillate in the same manner as the simulated system,
presumably because of the presence of fractional power damping
(Houk et al. 2002). Subjects were able to produce movements
without any overshoot or oscillations at the endpoint, despite the
presence of the negative viscous perturbations. We conclude that
the submovement detection algorithm is still useful for detecting
the presence of overlapping submovements, despite the decrease in
system damping.

Several different measures were used to monitor performance as
the subjects adapted to the perturbations. These included the task
success rate, the primary movement endpoint error, the mean
squared jerk, the mean velocity error, and submovement amplitude
and frequency. If the movement did not contain an overlapping
submovement, the primary movement endpoint error was defined
as the distance to the target at the end of the primary movement.
The endpoint of any trial containing an overlapping submovement
was estimated by extrapolating the position, assuming the move-
ment would have been symmetric. The mean squared jerk was
calculated by taking one-half of the mean value of the squared jerk
over the duration of the trial. The velocity error was computed as
the mean magnitude of the difference in velocity of each trial from
the average velocity for unperturbed movements of a given
amplitude and direction – the velocity template. The trial and
template were aligned to the peak velocity of movement, and
velocity error was computed in a period 200 ms before and after the
peak. Each of the performance metrics that was computed was
considered a candidate for an error signal used by the motor

controller both to recognize poor performance and to adapt future
movements.

Statistical analysis

Significant changes in movement parameters were determined with
the student’s t-test for mean values, and with the F-statistic for
variances (standard deviations). For comparing percentages of
trials, the standard deviation within a block of trials was estimated
as the square root of the percentage multiplied by one minus the
percentage. The level for significance was chosen at the P<0.05
level, and probabilities less than 0.001 were rounded up to 0.001.
Linear and exponential curve fitting was performed using the
software package Igor Pro 4.0 (Wavemetrics, Inc., Lake Oswego,
OR, USA).

Results

Primary movement endpoints and corrective
submovements

As subjects made rapid knob turning movements to align
an invisible pointer with a visible target, the angular
position and velocity of the movement were recorded and
then analyzed in detail. Figure 1A displays the angular
position and velocity traces from three unperturbed trials.
On some trials, like the middle one, the movement was
made accurately in a single motion. The associated
velocity profile was bell-shaped and symmetric. Howev-
er, other trials were initially inaccurate, and subjects
frequently made additional submovements to correct the
final position. When submovements were generated
before the primary movement ended, the velocity profile
became irregular, having substantial asymmetries and/or a
biphasic shape. We used an algorithm described previ-
ously (Novak et al. 2000) to detect these movement

Fig. 1A–C Sample trials from one subject (SH) at different stages
of adaptation in the rapid hand movement task. The angular
position of the pointer is superimposed on the three target zones
(shaded), and angular velocity is plotted below. Thin traces are the
actual trials and bold traces represent the extrapolated primary
movements. Trials are all 30� in amplitude, and have been offset
and flipped so that all appear to start at the bottom target zone and
move to the middle one. A Practice trials before introducing the
perturbations. One trial has the correct amplitude with no correc-

tion, one is hypermetric with a correction opposite the primary
movement, and one is hypometric with an overlapping correction in
the same direction as the primary movement. B Two catch trials in
which the subject unexpectedly experienced the negative viscosity.
Both primary movements overshoot their targets and corrections
follow. C Two relatively accurate perturbed trials after the subject
had time to adapt. One unperturbed catch trial is also shown
(dashed line), with a delayed correction moving the pointer into the
center target zone
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irregularities. The overall movement was separated into
its underlying segments by creating an estimate of the
primary movement (bold traces in Fig. 1), and then
subtracting this estimate to retrieve the remaining
submovement(s) (Novak et al. 2000).

In order to study the brain mechanisms responsible for
motor adaptation, we introduced negative viscosity to
change the mechanical environment under which the
subjects performed their movements. As subjects began to
move in one direction, the motor pushed them harder in
that direction, causing them to overshoot the target.
Figure 1B shows two 30� perturbed catch trials. The
unexpected perturbations caused the pointer initially to
land past the target, and in both trials the subject
generated corrective submovements to bring the pointer
back towards the center target.

After about 30 min and 1000 trials of practice with the
negative viscosity, the subject showed signs of adaptation,
as evidenced by the trials in Fig. 1C. The accuracy of the
primary movements improved significantly, and the
amount of overshoot substantially decreased. One trial
is shown with a minor overshoot and correction. On some
trials, the kinematics of the movement were indistin-
guishable from the original unperturbed condition. A
further indication of adaptation was the so-called after-
effect that was present when the perturbation was
unexpectedly removed (dashed lines in Fig. 1C). The
subject’s primary movement ended far short of the target
window, and was followed by a delayed submovement
into the target. This target undershoot after-effect was
opposite to the initial overshoot caused by the perturba-
tion.

Figure 2 quantifies the accuracy of the primary
movements over all three experimental sessions for one
subject. The primary movement endpoints for the 60�
trials are shown on the top and the thirty degree ones
below. The sessions are separated by solid vertical lines
in Fig. 2; the dashed lines denote a change in the
frequency of perturbations within a given session. Each
block of 240 trials is numbered and labeled below. The N
label means no perturbations were applied, N/C means
perturbations were introduced as catch trials, and Pn
designates one of five blocks in which the perturbations
were applied 85% of the time. Catch trials are shown as
large dots.

The scatter of endpoints in Fig. 2 shows that there was
a fairly large amount of variability in the accuracy of the
primary movements because the movements were made
rapidly and without visual feedback. However, as noted
previously (Novak et al. 2000), movement variability
decreased as subjects practiced the task. The constant
(mean) error decreased significantly during the first
training session from –6.8� for this subject on the first
block of trials, to –3.4� on the fourth block (t=4.36,
P<0.001). At the same time, the variable error (standard
deviation) decreased significantly from 9.9� to 7.2�
(F=0.529, P<0.001). As a group, subjects improved their
primary movement accuracy from a constant error of –
3.3� to –1.9� (P<0.05 for 3 of 6 subjects), and a variable

error of 9.8� to 8.4� (P<0.05 for 5 of 6 subjects). The
following day, the illustrated subject made primary
movements that were more accurate than when first
starting the task in session 1. The constant error signif-
icantly decreased to –2.0� (t=6.3, P<0.001), and the
variable error decreased to 6.8� (F=0.47, P<0.001). The
average subject improved the constant error slightly, to
–2.7�, but had more variability (11.2�) than in session 1.

The initial effects of the negative viscosity are
illustrated by the catch trials in session 2 (large dots of
block 2, labeled N/C in Fig. 2), and by the very large
primary movements in Fig. 1B. Primary movement errors
increased immensely, from an average undershoot of
–0.9� to one of 18.9� for the subject illustrated in Fig. 2
(t=13.1, P<0.001). Across all subjects, the average
primary movement constant error for the perturbed catch
trials was 14.3� past the target, and the variable error was
17.6�. Both changes were significant for all except one

Fig. 2 Successive phases of adaptation. Primary movement end-
points for all trials are shown for subject SH for trials with 60�
targets (upper plot) and 30� targets(lower). Solid vertical lines
separate different sessions, while dashed lines represent changes in
the experimental conditions. During session 1, four blocks of 240
trials were performed in the absence of perturbations. Blocks of
trials are numbered, and the letter below refers to whether (P) or not
(N) the negative viscous perturbation was introduced regularly; C
represents periods in which perturbed catch trials were included.
Perturbed catch trials (large dots in block 2 of session 2) resulted in
very large overshoots. During blocks 3–7, the subject experienced
perturbations 85% of the time (small dots). Catch trials during this
period (large dots), in which the perturbations were randomly
removed, revealed a gradual buildup of “after-effects.” The subject
adapted to the perturbations by reducing primary movement
endpoint errors in normal trials and increasing the error in catch
trials. The time-course of adaptation was modeled with an
exponential decay function, shown as curves fitted through the
perturbed 30� and 60�trials, and the unperturbed catch 30� and 60�
trials. The final block on session 2 showed the process of de-
adaptation: performance returned to normal quickly when the
perturbation was removed. The subject was again exposed to the
negative viscosity perturbation 1 week later, on session 3.
Performance was surprisingly improved after a week of no practice
– endpoints were more accurate and less variable
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subject. As expected, the constant errors were larger for
the 60� trials (18.2�) compared to the 30� ones (8.5�).

Beginning with the third block of trials (P1), when the
perturbations were applied on 85% of the trials, subjects
started to adjust the amplitude of their primary move-
ments to the new dynamics of the knob and motor. From
that block to the eighth (P5), the subject shown in Fig. 2
decreased his constant errors from an average 11.3�
overshoot to 6.4� (t=6.56, P<0.001). Most subjects
decreased their overshoot even lower than this, from an
average constant error of 6.6� to 1.6� (P<0.05 for five of
six subjects), and a variable error of 13.3� to 11.8�
(P<0.05 for three of six subjects).

Perhaps more telling of the changes that occurred
during adaptation were the 15% of trials made with the
negative viscosity unexpectedly removed. These unper-
turbed catch trials, shown as large dots on blocks P1 to P5
in Fig. 2, initially were performed with an average
undershoot of 7.2�, but the amplitude of the unperturbed
primary movements was gradually decreased to land
14.2� short of the target in block P5 (t=3.5, P<0.001).
Since subjects could not determine which trials would
have the negative viscosity, this change occurred in
parallel with the change in amplitude of the primary
movements with the perturbation. They learned to turn the
knob with less torque in all cases, assuming that the motor
would assist their movements.

Both the 30- and 60� trials showed the same gradual
buildup of after-effects, but the 60� trials had more
pronounced effects, with an average undershoot on the
final block of unperturbed catch trials of 22.4�, versus
8.2� for the 30� trials. In general, the variability of the
endpoints was greater for the larger amplitude move-
ments, but both amplitudes of trials followed similar
trends during adaptation. The variable error initially
increased for the 30� trials from an average of 8.0� for
unperturbed trials to 13.3� for perturbed catch trials.
These errors were slightly improved to 9.5� at the end of
adaptation, although still higher than unperturbed trials.
Likewise, the unperturbed 60� trials had, on average,
10.2� of variable error that increased to 22.0� following
unexpected perturbations. With time, subjects adapted
their 60� movements and the variable error decreased to
13.8� on the final block of perturbed trials.

The time-course of adaptation to the perturbations was
examined by fitting both linear and exponential curves to
the endpoint data in Fig. 2. The best exponential fits are
shown for the 30- and 60� trials with the perturbations on
and during concurrent unperturbed catch trials. The 60�
perturbed trials from the subject in Fig. 2 were well fitted
with a line (r=–0.377, t=7.57, P<0.001). The data were
fitted slightly better with an exponential curve (sum of
squares of residuals 25262, versus 26743 for linear fit).
The other trials from this subject, and the endpoint data
from other subjects were also well fitted with lines, but
were fitted slightly better with exponential functions.

When the negative viscosity was removed in block 8,
after adaptation, the after-effects persisted for only a very
short period. The endpoint errors for the 30� trials

returned to normal in about 40 trials. The average
endpoint error for all 60 unperturbed trials of block 8
was –2.6� for the 30� trials and –8.8� for the 60� trials.
For all subjects, the undershoot was significantly reduced
upon returning to the unperturbed condition compared
with the unperturbed catch trials in the previous block,
from –15.0� to –4.5� (P<0.001 for all subjects). The initial
adaptation rate was 1� in 177 trials (r=–0.23), but the de-
adaptation rate was 1� in just 15 trials (r=–0.19).

The subject shown in Fig. 2 performed the knob-
turning task again 1 week after first adapting to the
negative viscosity, and the results of these trials are
shown in session 3 of Fig. 2. The primary movements
were significantly more accurate (t=3.57, P<0.001) on the
first block of session 3 (3.7� overshoot) than in the first
block of perturbed trials from session 2 (11.3� overshoot).
The change in variable error (8.0� to 9.3�) was not
significant (F=0.74, P=0.22). Two other subjects partic-
ipated in a third session, at 3 and 10 days following the
session 2. The three subjects together showed improved
performance when exposed to the perturbations the
second time. Comparing the first block of perturbed trials
of each session, the constant error significantly decreased
during the latter session for two of three subjects (from
7.3� to 2.6�), as did the variable error (from 13.9� to 8.8�).

Movement segment shape constancy

In previous reports (Novak et al. 2000,. 2002) describing
three types of movement segments (primary movements,
overlapping submovements, and delayed submovements),
we noted that the shape of each segment was independent
of movement amplitude, speed, level of practice, and type
of movement segment. In the current study, the shape of
the primary movement segments was also discovered to
be independent of whether or not the trial was perturbed
(time to peak, K, of 0.53 vs 0.54, and ratio of peak
velocity to mean velocity, C, of 1.58 vs 1.57; P>0.1 for
five of six subjects). The shape of the primary movement
segment was constant during adaptation as well.

Like the primary movements, the shape of the
overlapping submovements did not change during or
after adaptation to the perturbation. Across subjects, the
average K-value was 0.51 with and without perturbations.
The average C-values were also nearly identical, 1.64
with perturbations versus 1.63 without. However, the
delayed submovements had shapes that were not quite
constant. The average symmetry value of the delayed
submovement increased from 0.52 to 0.55 when pertur-
bations were added. Likewise, the shape values of the
delayed submovements on trials with perturbations were
different than for those trials without perturbations,
averaging 1.48€0.19 and 1.58€0.15, respectively. During
the adaptive process, the shape value of the delayed
submovements decreased from 1.53€0.17 on the first
block of perturbed trials to 1.44€0.20 on the fourth block,
but the symmetry value remained the same. These small
changes may have resulted from the low peak velocity of
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provide specific training information for updating motor
programs, it could function as a global reward signal in a
reinforcement learning scheme. Kositsky and Barto
(2002) have shown how submovement sequences, similar
to the ones identified here, can emerge naturally as a
result of an optimal control policy learned by a rein-
forcement learning system in the presence of noise and
feedback delay. Task success could also be responsible
for setting general movement constraints telling the
controller to move faster, or to pay more attention to
accuracy.

Another aspect of movement that may be optimized is
jerk, since this quantity is also being reduced during
adaptation. The major problem with using the jerk of
movements as an optimal control scheme is that the
nervous system probably has no way of directly sensing
jerk. Flash acknowledges, “it should be stressed that
nowhere does this theory hypothesize or suggest that hand
jerk is actually sensed, or that minimum-jerk trajectories
are computationally derived by the nervous system”
(Flash 1990). Other potential optimization criteria suffer
from the same problem of being difficult to sense, like the
rate of change of torques about each joint (Uno et al.
1989) or a sense of effort, computed as the product of the
rate of change of an equilibrium point command and a
joint stiffness (Hasan 1986). These complex and highly
derived criteria seem very unlikely ones to be used by the
CNS. However, each embodies the notion that the CNS
tries to perform a movement accurately the first time,
without additional commands or corrective submove-
ments that increase the complexity of overall movements.
The reduction in jerk showed by our subjects during
adaptation is likely to be a secondary result stemming
from improved accuracy and a decrease in the number of
corrective submovements.

We also examined the possibility that the motor
controller may be trying to minimize some kind of
position or velocity trajectory error, by continuously
comparing feedback about the actual trajectory to some
internal, desired trajectory, as suggested by Lackner and
Dizio (1994). While position and velocity feedback
signals are readily available to the CNS, this optimization
scheme requires several difficult operations that the CNS
would need to perform. These include specifically
planning the whole trajectory prior to movement, con-
verting a desired trajectory into a muscle activation
command with an inverse dynamics model, converting
delayed kinematic feedback of muscle length and speed
into external space and then comparing it to the desired
trajectory, and converting the resulting trajectory errors
into motor command errors in order to update future
motor commands. Gribble and Ostry (2000) recently
presented a model of adaptation using errors in position
trajectories and equilibrium point control. While success-
ful in simulation, this model requires the CNS to perform
complex operations that may not be feasible, like
continuously comparing trajectories and directly adding
an error to the memory of the last command. Although
our data are consistent with the idea that the CNS directly

controls some given kinematic trajectory, the difficulty of
doing so suggests another process may be mediating this
feature.

As our data and that of others (Carlton 1980;
Jagacinski et al. 1980; Milner 1992) have shown,
feedback control of movements seems to be an intermit-
tent rather than a continuous process, using discrete
corrective submovements added on to a primary move-
ment. We have shown that the error correction process
performs consistently during motor adaptation, making
corrections in the appropriate direction with nearly the
correct amplitude. The majority of adaptive improvement
thus appears to be occurring in the production of more
accurate endpoints of primary movements.

Instead of specifying and comparing entire movement
trajectories, the motor control problem can be simplified
by assuming that only a few movement parameters are
specified, based on a starting point and a desired
endpoint. The role of the CNS may be to predict the
appropriate command parameters, for instance the ampli-
tude and duration of pulse-like muscle activation com-
mands. A model of arm-reaching by Karniel and Inbar
(1997) shows that the CNS can properly adjust pulsatile
control parameters based simply on the end result of the
movement. A similar model by Fagg et al. (1998)
employs a supervised learning module to adjust pulsatile
control parameters based on feedback-derived corrections
performed by a teacher module. Our data and views are
consistent with these models of learning. Perhaps the
most important result used for adjusting the pulse-like
parameters of future commands is the endpoint accuracy
of the primary movements, not continuously monitored
and specified trajectories.

The majority of prior descriptions of the process of
motor adaptation propose that the CNS maintains explicit
internal models of the motor system and the environment,
which are updated through experience, and which are
generally used to produce force commands to control
movement (Shadmehr and Mussa-Ivaldi 1994). When the
dynamics of the environment are changed, “the motor
control system builds a model of the environment as a
(local) map between the experienced somatosensory input
and the output forces needed to counterbalance the
external perturbations” (Gandolfo et al. 1996). While
the idea of building an internal model of the environment
to be added to the original movement command is a nice
explanation of motor adaptation, the investigators ac-
knowledge that “little has been learned regarding the
properties of the computational elements with which the
nervous system might be performing this adaptive
process” (Shadmehr and Mussa-Ivaldi 1994). In general,
it remains difficult to prove whether or not such an
explicit inverse dynamic model of the environment
actually exists in the CNS, or whether some alternative
process is responsible for adaptive motor control.

Other studies have modeled adaptive motor control
using engineering principles and artificial neural networks
(ANNs) to build inverse models via three approaches
(Kawato 1990): direct inverse modeling, forward and
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inverse modeling, and feedback-error learning. Direct
inverse modeling, originally proposed by Albus (1975) as
the cerebellar model articulation controller (CMAC), uses
direct measurements of the sensed trajectory to estimate
the torque command required to produce the movement,
in a look-up-table kind of fashion. Direct inverse mod-
eling works well in simulations and to control robots
(Miller 1987), but there is no evidence that the CNS
builds an inverse model the way the authors describe.
Similarly, Jordan and colleagues’ use of ANNs to create
forward and inverse models of the motor system from
errors in hand paths (Jordan et al. 1994) is successful in
principle, but biologically unrealistic. The authors con-
cede that “we do not want to suggest that forward models
provide a viable construct on which to base a theory of
biological motor learning,” and “it is not claimed that the
backpropagation learning algorithm employed here is
biologically plausible.”

Biological mechanisms of motor adaptation must
provide a plausible computational scheme that can be
mapped onto the function and physiology of known
neural structures. For this reason, the most realistic
models of motor adaptation are cerebellar neural network
models, including the feedback-error learning model
(Kawato and Gomi 1993) and two other models of
adaptive, predictive regulation (Barto et al. 1999; Spoel-
stra et al. 2000). These models rely on the known cellular
mechanisms of plastic change in the cerebellar cortex (Ito
1993), and are therefore more likely to capture some of
the biological mechanisms of adaptive motor control.
Each of these cerebellar models share another similarity,
in that they all learn by means of feedback-based
corrections.

Models of motor control and adaptation suggest that
two processes exist – a mostly feedforward one that
inherently contains an inverse model of the system, and a
feedback-based corrector. The data reported here are the
first to examine the feedback corrective process directly
during adaptation, and to quantify the decrease in
corrective submovements as subjects adapt. This result
supports the models of adaptation that adjust future
commands based on these corrections (Berthier et al.
1993; Barto et al. 1999). A study of the muscle activity
during adaptation to perturbations from a robotic arm
manipulandum (Thoroughman and Shadmehr 1999) also
supports this view.

The simplest explanation of what is being optimized in
these rapid hand movements is the final endpoint
accuracy, as has been recently formalized in a “minimum
variance” model (Harris and Wolpert 1998). The memory
and computational requirements of the CNS would be
significantly reduced compared to other schemes requir-
ing continuous comparison of entire trajectories. The goal
of the CNS is to make accurate primary movements that
do not require corrections, and to learn from the
corrections when they do occur. During adaptation,
subjects learned to reduce primary movement endpoint
errors, and consequently made fewer, smaller corrections.
This decrease in the number of corrective submovements

can explain many of the features that others have
proposed as optimal criteria, including a reduction in
the jerk of movements and a return of the overall
kinematics to near normal.

Potential neural mechanism of adaptation

The neural mechanisms responsible for motor adaptation
must exist within the distributed sensorimotor network
that produces motor commands: the motor cortex, various
brainstem nuclei, the basal ganglia, and the cerebellum
(Houk 2001). Since patients with cerebellar lesions can
adapt neither their limb nor eye movements to changes in
the environment (Manto et al. 1995; Martin et al. 1996;
Muller and Dichgans 1994; Optican and Robinson 1980)
and cannot modify the vestibulo-ocular reflex (Ito 1982),
the cerebellum has been identified as a critical structure
for adaptive motor control. While the models of cerebellar
adaptation have successfully described how the synapse
between parallel fibers and Purkinje cells may be
modified and lead to adaptive changes in motor behavior,
there have been, unfortunately, only a few neurophysio-
logical studies (Gilbert and Thach 1977; Ojakangas and
Ebner 1992) testing these ideas in behaving animals.
Studies trying to identify exactly the kinds of error signals
that climbing fiber activity in the cerebellum may encode
(Stone and Lisberger 1990; Ojakangas and Ebner 1994;
Kitazawa et al. 1998) are crucial for understanding the
neural mechanisms of motor adaptation.

While some progress has been made in understanding
how the cerebellum may be involved in adaptively
controlling limb and eye movements, very little is known
about the central mechanisms responsible for producing
feedback-based corrections. We have suggested (Novak et
al. 2002) that the basal ganglia may detect the need for
and initiate corrective submovements. Future neurophys-
iological studies should examine the activity in these
different structures to discover how the feedback-based
corrections are centrally commanded, and how the
cerebellum may adaptively control movement.
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